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A B S T R A C T
Cooking with solid biomass fuels, a common practice in the developing world, is associated with numerous
problems. Hence policy makers wish to facilitate households to switch to more modern fuels. To better
understand the potential for policy interventions, an enhanced understanding of household fuel choices and the
process of fuel switching is paramount.
The primary aim of this paper is to perform an exploratory data analysis in order to obtain a set of factors
associated with rural households that are using liqueﬁed petroleum gas (LPG). This is achieved through
Random Forest analysis, a statistical technique commonly employed for solving classiﬁcation problems. In this
context, fuel choice deﬁnes groups to which households belong, while the random forest modelling is used to
determine the importance of the variables on the correct classiﬁcation. The results from this study can be used
for constructing further statistical models, as basis for experimental work as well as for questioning previous
models.
This study ranks the overall predictive importance of a great number of variables previously used in literature
on fuel switching. High importance is given to variables coupled to household wealth and history of income
together with various commune level variables such as distance to nearest town. The results indicate that
whether households have or will undergo fuel switching can be predicted based on area characteristics
associated with rurality together with a history of household income and wealth, and furthermore there appears
to be an interaction eﬀect between these characteristics.
Current income is unable to fully account for a household's wealth and history of income, which in turn
appear to be associated with both the current and future use of LPG. The likeliness that a household is or will
start using LPG increases with increased wealth if the household resides in a less rural environment.
Furthermore, some previously used variables for modelling fuel switching may instead be explained by their
association with either wealth, stable income or with level of rurality.
1. Introduction
In many developing countries the primary fuel used for cooking is
biomass (Foell et al., 2011). However, due to ineﬃcient combustion,
numerous problems are associated with this usage, among them severe
health issues (Bruce et al., 2000; Desai et al., 2004; Smith and Peel,
2010). It is estimated that every year two million deaths are caused by
the indoor air pollution originating from the combustion of solid fuels
(WorldBank, 2011). Many of the compounds formed under ineﬃcient
combustion, such as methane and black carbon, are also contributing
to global warming (Bond and Sun, 2005; Bond et al., 2011;
Ramanathan and Carmichael, 2008).
Households have been noted to switch to or include cleaner and
more convenient fuels in their fuel mix as their income and socio-
economic status rise. This process is often called fuel switching
(Heltberg, 2005) or fuel stacking (Masera et al., 2000), to reﬂect the
fact that several fuels are often used concurrently in the same house-
hold. A number of studies have examined the process of fuel switching
(Masera et al., 2000; Barnes et al., 2004; Campbell et al., 2003;
Heltberg, 2004; Hosier and Dowd, 1987; Leach, 1992). For a compre-
hensive review, see van der Kroon et al. (2013)
Fuel switching is generally occurring faster in urban areas com-
pared to rural areas (Heltberg, 2004, 2005; Hosier and Dowd, 1987;
Gundimeda and Köhlin, 2008). Possible explanations for the lower rate
of fuel switching in the rural areas include a lack of infrastructure for
modern fuels (Leach, 1992), lower or non-monetary sporadic income, a
traditional lifestyle and a lower opportunity cost of time in addition to
the higher availability of collectible fuels. Additionally, the availability
of biomass strongly inﬂuences the path of urban fuel switching (Barnes
et al., 2004).
Several studies have found a correlation between the use of
liqueﬁed petroleum gas (LPG) and electriﬁcation (Barnes et al., 2004;
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Campbell et al., 2003; Heltberg, 2004; Davis, 1998). It is, however,
unclear if there is any causation or whether this correlation originates
from the mutual dependence of the two on other factors. In general,
more densely populated areas get electriﬁed ﬁrst. Thus, electriﬁcation
might instead just be correlated with household density which in turn
may be a proxy variable for further factors such as access to collectable
biomass and stores selling LPG. There are several explanations oﬀered
for this correlation. Barnes et al., (Barnes et al., 2004) gives two
possible explanations: “access [to electricity] proxies for market devel-
opment. In that case, fewer barriers would constrain other modern
fuels in cities where electricity is available” and “availability of lighting
and other appliances spurs people to a greater acceptance of modernity
and modern fuels”. Heltberg (2005) adds two more: “areas that are in
some sense more ‘modern’ (for example large as opposed to small
towns and places with better infrastructure) get connected ﬁrst to the
grid and “assume that energy needs are organized in a hierarchy where
electricity is the most desired innovation and modern fuels follow
further down the list of priorities”.
A possible explanation for the found correlation between electriﬁ-
cation and LPG usage is that denser populated areas receive electricity
and businesses selling LPG before sparsely populated areas.
Furthermore, if there is an initial fee for a household to connect to
the grid, electriﬁcation may also be a proxy for high income. A World
Bank study focusing on the beneﬁts of rural electriﬁcation found that
electriﬁcation improved farm-based households’ incomes (Khandker
et al., 2009). The suggested mechanism for raising the income is the
utilization of electric pumps for irrigation which in turn leads to higher
yields from agriculture. Thus, electriﬁcation may, to some extent,
induce fuel switching by raising household incomes.
Two recent reviews of rural fuel choices showed that the set of
variables used to model fuel usage varied extensively between diﬀerent
studies (van der Kroon et al., 2013; Lewis and Pattanayak, 2012).
The primary aim of this paper is to perform an exploratory data
analysis in order to obtain a set of variables associated with households
that are or will start using LPG, utilizing variables from previous
studies as a starting point.
The traditional econometric approach of linking fuel usage to
factors that could inﬂuence it employs economic theory to derive a
model for statistical regression. However, econometric approach may
fail to capture all factors that inﬂuence rural household's choices in
regards to cooking fuel. Although the approach in this paper may not
be able to fully describe the decision process behind rural household's
fuel choices either, it may complement previous methods. Many
household surveys collect an extensive number of variables which are
used in predicting household fuel choices. Although the inclusion of
these variables in models of household's fuel use would not necessarily
increase the accuracy of interpretation, heavy dependence on factors
previously not included may lead to alternative interpretations and
hypotheses. Furthermore, what inﬂuences a household's willingness to
adopt LPG may be due to a number of factors and involve complex
interplay between them, possibly leading to non-linear relations. For
these reasons, previous approaches may beneﬁt from being comple-
mented by alternative methods from the ﬁeld of machine learning.
Instead of assuming certain relationship forms, properties are detected
in the data and are then generalized and used for prediction. A
relatively new algorithm from the ﬁeld of machine learning, Random
Forests (Breiman, 2001), has been successfully used in a variety of
ﬁelds including ecology (Cutler et al., 2007), gene selection (Díaz-
Uriarte and De Andres, 2006) and criminology (Berk et al., 2009).
The Random Forest algorithm, as proposed by Breiman (2001),
displays many properties that make it suitable for exploratory data
analysis. In addition to being one of the most eﬃcient classiﬁers across
many diﬀerent data types and being able to handle complex relationships,
including unknown interactions, it also provides measurements of vari-
able importance, i.e. the impact that these variables have on the
classiﬁcation. This will be further explained in Section 3.1. Random
Forest is a non-parametric method, in the sense that no assumptions on
the form of the relationship between the response, in the present case fuel
usage, and the explanatory variables, i.e. income and education, are
needed. The results can then be used as guidance for constructing
parametric models which may be compared to Random Forest as a
benchmark (Strobl et al., 2009a) or suggest further research.
2. Data
The paper is based on data originally collected for the evaluation of
the Rural Electriﬁcation Program in Vietnam. The evaluation was
undertaken jointly by the World Bank and the Institute of Sociology
(IOS) of the Vietnam Institute of Social Sciences. The evaluation was
initiated in 2001 and household level data was collected from 42 rural
communes in seven provinces at 3 time points, in 2002, 2005 and
2008. Provinces included in the study were drawn from six out of eight
regions of Vietnam – from the southern tip to the northernmost
mountains. Both the IOS (2009) and the World Bank (Khandker et al.,
2009) have released reports based on this data. Neither of these reports
focused on household fuel usage for cooking.
Of the 42 participating communes, 22 were in the process of being
electriﬁed as part of the electriﬁcation program, 13 were not part of the
electriﬁcation program and seven were already electriﬁed (IOS, 2009).
The chosen arrangement enabled comparison of the development in
the diﬀerent kinds of communes in the original studies based on this
data (Khandker et al., 2009; IOS, 2009). From Vietnam's eight regions,
six were considered for sampling; the remaining two were not part of
the studied electriﬁcation program. In a stratiﬁed sampling approach
communes were chosen in a following way: one commune that has
already been electriﬁed, three communes that were part of the
electriﬁcation program and two communes that were assumed to
receive no electriﬁcation by the end of the study (Khandker et al.,
2009). In each commune 30 households were sampled, stratiﬁed
according to income category: ten of the poorest, ten middle income
households and ten of the richest households. The sampling can thus
be considered representative for most of Vietnam, except the excluded
regions; the Red River delta and the North East region.
The total sample size is 1207 households in 2008 and 1259 in 2005.
The data collection experienced a relatively low level of attrition with
only 53 households missing in the 2008 data of those that were present
in 2005. The questionnaire covered the following areas: household
composition, socio-economic questions, agriculture, private infrastruc-
ture, health, credits and savings and energy (fuel consumption). The
Institute of Sociology in Vietnam administered the questionnaire.
3. Methods
The combustion of biomass is still the most common way for
obtaining the necessary energy to prepare meals in rural Vietnam.
Although many households with access to electricity use electrical rice
cookers, cooking is seldom performed solely using electricity. Instead
households often continue to use biomass alongside their electrical rice
cookers. Additionally, some households employ either coal or LPG. In
this paper, fuel switching is deﬁned to have occurred if a household
uses LPG at least occasionally. Households are consequently divided
into two groups, LPG users and non-LPG users. It is, however,
important to note that LPG users include all households that use
LPG, including those using it occasionally, partially or for all their
cooking.
In this study a modiﬁcation of the original Random Forest algo-
rithm, namely Random forests constructed from conditional trees
(Strobl et al., 2009b), is used to classify the households into either
LPG or non-LPG users. This section continues with a short description
of the Random Forest algorithm before moving on to how the Random
Forest algorithm is applied in this study. This section ends with a
discussion of the variables included in the analysis.
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3.1. Random forests and bagging
Random Forest is an ensemble method based on Classiﬁcation and
Regression Trees (CART). In CART, a search algorithm ﬁnds an
optimal cutting point in one of the variables, which is used to divide
the data set into two subsets. The two subsets are then further
subdivided, until a stopping criterion is reached (Breiman, 2001;
Strobl et al., 2009a). The ﬁnal result is a tree structure with “nodes”
and “leaves,” in which the data is divided into purer groups within each
node, until a ﬁnal grouping, the “leaves,” is reached. In each such group
the number of observations that belong to a certain class is counted,
and the class belonging of this group is then decided to be the class that
most observations belong to. To make a prediction from such a tree,
one need only to check which “leaf” the new observation belongs to,
and, consequently, which class it should have. However, a single tree is
very sensitive to small changes in the data. That is, repeating the
experiment by collecting new data or bootstrapping, i.e. resampling
from the original data, often leads to completely diﬀerent trees.
Random Forest can be viewed as a method of stabilizing the CART
algorithm. It grows a large number of trees, i.e. a forest, where each
tree is based on a bootstrap sample of the original data, and then
classiﬁes a new observation based on how the majority of the trees
classify the observation.
In the original Random Forest, CART were used as trees (Breiman,
2001; Breiman et al., 1984). In this paper a modiﬁcation of the original
CART trees, based on conditional inference trees (Hothorn et al., 2006)
is used. The conditional inference trees are more suitable when the
predictor variables includes both continuous and factor variables
(Strobl et al., 2009b). In CART the search for an optimal split is
performed in all considered variables concurrently, hence variables
with many possible splits, i.e. continuous and factor variables with
many levels, are more likely to be chosen by chance. In conditional
trees this is avoided by separating the procedure of selecting a variable
and the choice of split in this variable. For an extensive introduction to
Random forests and related algorithms, see for example Strobl et al.
(Strobl et al., 2009a).
Each tree in the forest is built using only a subsample and to
decrease the correlation between the trees, only a subset of the
included variables is considered for the current split in each node
(Breiman, 2001). The number of variables to consider in each split is a
tuning parameter and has to be sought for each data set. If this number
is equal to the total number of variables, the procedure is known as
bagging (Breiman, 1996).
Since each tree is built from using about two thirds of the data
points, when the forest is constructed, for each data point there exists
trees that did not use this point for construction. Hence, this enables an
internal cross validation procedure in which each data point is
predicted using only the third (approximately) of the forest that did
not have access to this data point during construction. The resulting
prediction error is referred to as the out of bag error (OOB-error)
(Breiman, 2001).
One of the most important outcomes in a study such as this is the
ranking of variables according to their importance for prediction. In this
paper, permutation based importance is used (Strobl et al., 2009a).
Permutation based importance means that, after the forest is constructed,
each independent variable is permutated so that the link between it and
the dependent variable is lost. The decrease in predicting capability of the
forest after the variable has been permutated is then the importance value.
However, when the predicted classes are imbalanced, instead of focusing
the decrease in prediction after permutation, the variable importance is
calculated as the decrease in the area under the curve (AUC), where the
curve is the Receiver operation characteristics (ROC) after permutation
(Janitza et al., 2013).
Because, in each node, only a subset of the variables are considered
it is possible that variables that are correlated with other variables that
are better predictors also receive a high importance. A conditional
importance measure, that performs the permutation only within
intervals corresponding to splits in correlated variables and therefore
reduces the importance given to variables that are not needed when
better predictors are available have been proposed (Strobl et al., 2008).
However, simulation have shown that importance based on bagging
also approach a conditional interpretation (Grömping, 2009). This
gives the possibility for certain variables to decrease the importance of
other correlated variables should it describe the household propensity
to use LPG better than the correlated variables.
Although the assumed functional form need not be speciﬁed, this is
not a straightforward result from the algorithm either. Rather the
outcomes, besides a black box classiﬁer, include a ranking of the
importance of the variables considered and the so-called partial
dependence for each variable. The partial dependence describes the
inﬂuence of a variable on a certain outcome.
The partial dependence is deﬁned as (Berk et al., 2009):
∑f x n f x x( ) =
1 ( , ),∼
i
n
iC
=1
Where x is the variable for which partial dependence is of interest and
xiC include the other variables.
For classiﬁcation purposes, the function f is:
∑f x p x K p x( ) = log ( ) −
1 log ( )k j
K
j=1
where K represents the number of classes, k the class for which the
partial dependence of variable x is sought and pj the proportion of votes
for class j. A new data set is created for each value of variable of
interest, in which this variable is constant in each data set whereas all
other values take on their original values. Each data set is then used to
predict a single value. These values from each data set are then used to
construct a graph predicting the function of the variables assigned
diﬀerent values between data sets. No adherence to possible correla-
tions is included and generated data points used for creating the partial
dependence may include data combinations never observed in the
original data. The partial dependence cannot be interpreted as a causal
relationship and is not based on a statistical model (Berk et al., 2009).
However, in an exploratory study, the ability to detect possible
nonlinearities and interactions can be very useful for further analysis.
To detect possible interactions, the partial dependence can be plotted
conditional on diﬀerent values of other variables; diﬀerences in the
shape of the relationship can then indicate interaction eﬀects.
4. Bagging and random forest application in this study
Because the advantage of bagging over random forest when
interpreting the importance values, the starting point was bagging,
i.e. all variables were considered in each node. However, to check that
any predictive capacity was not lost due to this approach, which could
have indicated that bagging did not capture as many relations as
random forest, the predictive power was also compared to the random
forest approach, i.e. considering only a subset of variables for each
split. The number of variables to consider in each split was explored
through testing all possible values and examining the prediction error
(PE), true positive rate (TPR) and false positive rate (FPR).
All the included variables were ranked according to their impor-
tance, described in Section 3.1. To evaluate the stability of the results,
multiple forests were constructed using subsamples of the data. A
hundred data sets were assembled through subsampling of the original
data, and random forest models created for each of them, and
subsequently importance values for each forest were recorded. The
importance values for the hundred forests that use all variables are
presented as boxplots, where each box reﬂects the dispersion of
importance values of a certain variable over the forest.
Furthermore, two diﬀerent subsampling strategies were employed.
One strategy was simply to draw two thirds of the complete data set,
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while the other strategy was to ﬁrst draw two thirds of the communes
and then two thirds of the households in each of the selected
communes in each draw. This was done in order to explore possible
eﬀects of variations in data collection both assuming this to occur on
household level and commune level. All draws were made through
subsampling, i.e. without replacement. OOB errors are used for
importance calculation which is the standard random forest method.
However, for estimating the prediction error, the non-selected data
points for each subsampling round were used.
Besides ranking the variables according to their importance values
a variable selection method was also used, the Diaz-Uriarte method, a
backward selection algorithm developed for Random Forests (Díaz-
Uriarte and De Andres, 2006; Diaz-Uriarte, 2007). The Diaz-Uriarte
variable selection algorithm uses the importance ranking and then
removes the least important variables until the OOB error increases.
The same two bootstrap strategies as used for the importance ranking
were also used for the variable selection procedure.
Partial dependence plots for certain relationships that were ranked
as highly important were also produced. Possible interactions between
variables were detected, by plotting the partial dependence conditional
on values in other variables.
Besides the prediction of current LPG use in 2008, using the
variables listed in Table 1, data from 2005 was used to predict which
households that would start to use LPG by 2008. In this case house-
holds that were already using LPG in 2005 were removed from the
sample.
The R software with the package “party” was used for the model-
ling; please see (Strobl et al., 2009b) for further details.
4.1. Variables
The data were used for two separate predictions with slightly
diﬀerent data input. First, current (2008) use of LPG was predicted
using various variables from 2008, together with the household's
income levels in 2005 and 2002. Secondly, with the use of household
data from 2005, as well as income level in 2002, the model was set up
to predict whether a household would have started to use LPG by 2008.
The second analysis is limited to the households that did not use LPG
in 2005.
For the ﬁrst model, the prediction of LPG use in 2008 based on the
household data collected in 2008, the data contains 1207 households of
which 215 are LPG users. For the second model, the prediction of
which households would start to use LPG by 2008 there are 1064
households in the data that did not use LPG in 2005 and were present
in the 2008 data set, of which 101 started to use LPG between 2005 and
2008.
A recent review of seven papers revealed a large diﬀerence in the
type of variables that have been used in models that describe fuel
switching (van der Kroon et al., 2013). In this paper, many of these
variables, as well as several related variables, were tested for their
predictive abilities and were ranked accordingly. The independent
variables are listed in Table 1 together with a classiﬁcation inspired
by van der Kroon et al. (2013). The last column indicates whether the
variable is a factor variable, and if so the number of levels, or if it is a
continuous variable.
In the previous studies (e.g. see van der Kroon et al. (2013), Lewis
and Pattanayak (2012)), the most commonly used variable for model-
ling fuel switching has been income. Three income related variables
were included in this study, including the total income as well as
income from wage work, as opposed to self-empland agriculture and
ﬁnally income of the spouse of the head of the household. Wage income
was included because it can signify a steadier stream of income
(compared to income from agriculture) and more time spent away
from home. Furthermore, it has been reported that the burden of fuel
wood collection and/or cooking often falls on women in the family
whereas a male head of the household usually is in charge of household
ﬁnance. This has been proposed to be one of the barriers to fuel
switching and the adoption of improved cooking stoves because the
head of household may not value time savings and a cleaner cooking
environment for other family members (Miller and Mobarak, 2011).
Hence the wage of the spouse was included as a separate variable as
well as the gender of the head of the household. The same reasoning
was applied to the various education measurements. Note that several
of the variables are dependent on each other, which, in an ordinary
regression analysis, may cause the problem of multicolinearity. For
example, the number of appliances is a likely indicator of previous
household wealth. Furthermore, total land holdings of a household can
be seen both as an indicator of wealth, but this private land area may
also provide possibilities for the collection of biomass fuels, beyond
that which is possible on public land.
Table 1
Variables included in the analysis.
Categorya Variable Levels
(C is continuous)
Household business Household business 2
Hours worked in
household business
C
Restaurant 2
Shop 2
Education Highest education in
household
C
Education of head of
household
C
Education of spouse C
Household composition Number of family
members
C
Share of women C
Share of children C
Share of adults with
income
C
Gender of head of
household
2
External decision factors and
environment
Collection rate C
Relative fuel price 7
Distance to paved road C
Commune wealth ranking 3
Distance to nearest town 42
Village average land 42
Age Age of head of household C
Age of spouse C
Incomes Total income C
Income from wage C
Income of spouse C
Appliances Number of appliances C
Rice cooker 2
Electric fans 2
Water heater 2
Refrigerator 2
TV 2
Occupation Farm 2
Industry 2
Office 2
Additional wealth
measurements
Type of house 5
Total land of household C
Total income in 2005 C
Total income in 2002 C
Electriﬁcation Electrified 2
Years electrified C
a The categorization of variables is partly inspired by the categories used in van der
Kroon et al. (2013) for easier comparison.
N. Vahlne Development Engineering 2 (2017) 1–11
4
The previously discovered diﬀerence between urban and rural fuel
switching (Heltberg, 2004) together with an acknowledgement areas
classiﬁed as rural can still be more or less rural calls for some sort of
description of the degree of the rurality that may not be captured by
household variables to allow for the possibility of this aﬀecting fuel
choices. Two variables intuitively related to the degree of rurality were
included. The ﬁrst is the mean area of land holdings of the households
that belong to the same commune, henceforth label village average
land. Another variable that intuitively is related to rurality is the
distance to the nearest town. This variable was not recorded as part of
the commune questionnaire, but commune names were used to localize
them and ﬁnd the distance to the nearest town by means of Google
maps. Village average land and the distance to nearest town may all be
seen as related to fuel wood collection, although collection rate is also
included as a separate variable. However, these variables may describe
a variety of changes related to fuel choices as the environment becomes
more rural, such as availability of LPG, market exposure and various
social factors. However, the method employed in this paper is not be
able to diﬀerentiate between the diﬀerent explanations why diﬀerent
degrees of rurality, as described by these two variables may be
important for fuel choice. Neither can the description of rurality by
these two variables be considered to be a complete description of
rurality, neither is there any guarantee that these two variables capture
all the variation in degree of rurality that may be relevant in connection
with household's fuel choice.
Electriﬁcation was included as a predictor variable. However, very
few households were still not electriﬁed in 2008, hence this may have
caused this variable's importance to not be properly reﬂected in the
random forest modelling. To compensate for this fact, the number of
years that a household has been electriﬁed was also included as an
explanatory variable. However, if the eﬀect of electriﬁcation is im-
mediate, also this variable may fail to capture the full extent that
electriﬁcation has on LPG usage.
The relative fuel price was deﬁned as the cost per kg of fuel wood
divided by the cost per kg of LPG. Again, these data were not collected
in the commune questionnaire but this value was constructed based on
households purchasing fuel wood and LPG. Because of this construc-
tion, this value was only obtainable on the province level, i.e. not all
communes included sampled households purchasing both LPG and
fuel wood. The variable “collection rate” is the mean kg wood collected
per person-hour for each commune.
Education is measured in years of schooling. The commune wealth
ranking is an oﬃcial government ranking with three levels and not
calculated based on the questionnaire. Type of house includes the
following levels ranked from one to ﬁve: multi-storied house, perma-
nent single storied house (brick), semi-permanent house (wood), wood
frame with leaf rooﬁng, temporary house made of straw with leaf
rooﬁng.
The method employed in this paper does not rely on a pre-speciﬁed
model, instead a large number of variables have been included, of
which most has been included (or closely related variables) in previous
econometric studies (van der Kroon et al., 2013; Lewis and Pattanayak,
2012). Variables will be further discussed in Section 5 in relation to
their respective importance and whether they were selected in the
variable selection process.
5. Results and analysis
The tuning parameter, how many variables to be tried in each split
was explored for optimal value. Starting with all variables considered in
each split, no increase in prediction capabilities could be detected when
decreasing the number of variables considered in each split. Hence all
the results presented in this section are for when the number of
variables considered in each split was set to the total number of
variables available for the forest (i.e. bagging).
This section begins with the presentation of the results for the case
where LPG usage in 2008 is predicted using data for 2008. The results
from the 100 random forest models is presented by means of plotting
variable importance (for the full models) and tabulating variable
selection (for reduced models). Then the section proceeds to a
presentation of the evaluation of the performance of the models by
considering the classiﬁcation rate of LPG usage, both for the full and
reduced models. The section then moves on to a presentation of the
partial dependence plots of the most important variables.
This section ends with a presentation of the variable importance of
the case where the 2005 household data are used for predicting
whether households will start to use LPG before 2008.
The importance ranking shows that several variables that can be
associated with wealth and income are judged to be inﬂuential for the
correctness of household classiﬁcation, see Fig. 1. It's interesting to
note that total income, income in 2005 and income in 2002 are all
deemed to be important for current LPG use. It's worth noting here
that the correlations between the income levels for the diﬀerent years
are quite low ( < 0.5), a sign of relatively large ﬂuctuations between
income levels over diﬀerent years. Various appliances, such as whether
the household owns a rice cooker or a refrigerator are also usable
predictors for LPG usage. Further important variables are the distance
to nearest town, village average land, collection rate and relative fuel
price, all of which can be associated with aspects of the degree of
rurality, see section 3.2. It is also of interest that several variables
previously used to model fuel switching, such as education, the
diﬀerent occupations and whether the household is electriﬁed or not,
are judged to be of low importance, i.e. they are suppressed by the
other variables. Similar results as Fig. 1, but with the second bootstrap
strategy, randomly sampling both villages and households within
villages, can be found in the appendix, please see Fig. A1. It may also
be of interest to compare the results in Fig. 1 with the univariate linear
correlations between the predictor variables and the, see Fig. A2.
Although many wealth related variables, such as income, previous
incomes, type of house and certain appliances are both highly
correlated with LPG usage and receive high importance, other highly
associated variables such as household business, shop, years electriﬁed,
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Fig. 1. Bagging AUC-based importance values from 100 subsamples. Subsampling
scheme is households from total population. Each subset is two thirds of the data points
(805 of 1207). The variables are ordered according to their mean importance values
across the forests.
N. Vahlne Development Engineering 2 (2017) 1–11
5
the various education measurements are highly correlated but are
ranked lower according to importance in the bagging procedure. Some
variables receive relatively higher importance compared to their
ranking according to the correlations; these are to a large extent the
area descriptions, village average land, distance to town and relative
fuel price.
The results from the variable selection are presented in Table 2.
These results compare well with the importance ranking of variables in
the random forest and bagging procedures. Similarly, to the previous
results, we can see that the current income, income 2005 and 2002 and
other wealth measurements such as number of appliances, refrigerator,
rice cooker and type of house, are almost always present in the reduced
models. Other variables that often appear are the distance to nearest
town, village average land, collection rate and relative fuel price. The
distance to nearest town is chosen in almost all reduced models,
regardless of subsampling strategy.
The prediction performance of the algorithm before (full model)
and after variable selection (reduced models) is presented in Fig. 2. The
values here are not based on the OOB-error but the actual out of
subsample for each forest. Note that the prediction capabilities were
increased after variables selection. The reduced models are forests
constructed after variables selection. The true positive rate is only
around 50% for the reduced model, and slightly lower for the full
model, Fig. 2.
This section now continues with a presentation of partial depen-
dencies of some selected variables with high importance. The partial
dependencies are from the reduced model, i.e. after variable selection
(included variables are the 12 rightmost variables in Fig. 1), and using
the complete data set. The variables that are presented here are
income, the most commonly used variable for household fuel use and
the rurality variables, village average land and distance to town.
However, the other variables used in the reduced model, all has partial
dependencies similar to the either income or the rurality variables. The
partial dependencies are displayed in Fig. 3 and 4.
The partial dependence of income at diﬀerent levels of income in
2005 and the number of appliances are shown in Fig. 3. The diﬀerences
between the partial dependencies, conditional to changes in income in
2005 and number of appliances, are most pronounced at low levels of
current income. Note that the income distribution is skewed towards
the left, i.e. the range where past income makes the greatest diﬀerence
is also the range in which the majority of household incomes are
observed. The partial dependencies of all income and wealth related
variables are similar as the partial dependency for income, i.e. a sharp
increase at a certain level, followed by a more moderate increase.
Furthermore, the eﬀect of conditioning on diﬀerent levels of other
wealth related variables give a similar eﬀect in the shift of the partial
dependence curve as observed in Fig. 3, in the sense that the diﬀerence
is most pronounced at lower levels of the analyzed variable.
The propensity to use LPG for cooking is declining with an
increased village average land and distance to the nearest town,
Fig. 4. A striking diﬀerence between the shapes of the partial
Table 2
Results from variable selection using from 100 bootstrap samples. Sub. HH and Sub. C
stands for subsampling on household and commune level respectively as explained in
Section 6.
Category Variable Sub. C Sub. HH
Household business Household business 19 41
Hours worked in
household business
16 10
Restaurant 0 0
Shop 14 14
Education Highest education in
household
2 0
Education of head of
household
3 0
Education of spouse 3 0
Household composition Number of family
members
48 62
Share of women 1 0
Share of children 4 0
Share of adults with
income
1 0
Gender of head of
household
0 0
External decision factors and
environment
Collection rate 60 74
Relative fuel price 39 57
Distance to paved road 16 3
Commune wealth ranking 0 0
Distance to nearest town 96 100
Village average land 57 65
Age Age of head of household 0 0
Age of spouse 3 0
Incomes Total income 98 97
Income from wage 1 0
Income of spouse 5 2
Appliances Number of appliances 100 100
Rice cooker 100 100
Electric fans 26 18
Water heater 0 4
Refrigerator 95 100
TV 17 22
Occupation Farm 17 35
Industry 0 0
Office 0 0
Additional wealth
measurements
Type of house 93 100
Total land of household 10 8
Total income in 2005 98 100
Total income in 2002 89 95
Electriﬁcation Electrified 0 0
Years electrified 9 3
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dependency is visible, for both distance to town and village average
land, depending on if income has been set to either the ﬁrst or the third
quartile. In the former, a sharp decline is visible at certain values, while
for the high income case, a decline is much more gradual and slow. The
partial dependence curve for collection rate has a similar shape as the
one constructed for village average land and distance to town.
Although the importance levels and partial dependencies presented
in this section are for using LPG at least occasionally, the importance
measures and partial dependencies were found to be similar when only
households engaging in full fuel switching were considered, i.e. LPG
used for cooking all meals.
The results from the random forest when set up to predict which
households that would have started to use LPG between 2005 and 2008
are presented in Fig. 5. Current income (2005) together with wealth
related variables rice cooker, number of appliances and previous
income (2002) were important for determining whether household
would have started using LPG by 2008. The area description variables
village average land, distance to town, are still ranked high. In these
aspects the results compare well with those of the current LPG usage,
Fig. 1, however there are some discrepancies as well. A variable that
was only deemed moderately important for current LPG usage is now
the fourth most important, Farm, which indicates whether a household
is mainly occupied within farm or agricultural based activities.
Furthermore, the income of the spouse also received relatively higher
importance. A farm based household is less likely to start to use LPG
while a high income of the spouse increases this likelihood. When
considering all current LPG users, the variables chosen in Table 2, are
chosen ﬁrst and appear to encompass Farm and Income of Spouse, i.e.
these variables do not add to the prediction, however for the subset of
households that started to use LPG recently, these are chosen more
often.
6. Discussion
The variables that were ranked the highest according to the
importance measure provided by Random Forest and also chosen in
the variable selection for current LPG use can be categorized as
measurements of wealth together with various commune level descrip-
tions. The wealth variables are income during 2002 and 2005, the type
of house, various appliances and the total number of appliances. The
commune level variables- the distance to town, village average land and
the collection rate can be associated with the opportunity cost of
collected fuels and the access to modern fuels, but can also signify
further diﬀerences between more or less rural areas in terms of fuel
use. These results compare well with the results of which households
that would start using LPG between 2005 and 2008; however, some
additional variables received relatively higher importance, i.e. Farm,
which indicates whether a household is mainly occupied within farm or
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Fig. 3. Partial dependence on income at ﬁxed levels of income in 2005 and at a ﬁxed number of appliances. In left panel, bottom line the income in 2005 has been set to the ﬁrst quartile
for all households, while for top line this has been set to the third quartile. In the right panel is the households number of appliances has been set to ﬁrst quartile (bottom line) and third
quartile respectively (top line).
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agricultural based activities and the income of spouse.
One of the indicators of wealth that received a high importance is
the number of household appliances. Possible explanations for the
importance of this parameter are that it signiﬁes a high and stable
income over a long period of time; this can be compared to the high
importance placed on measurements of incomes during 2002 and
2005. Another variable that received high rankings in both importance
measurements is whether households owned a refrigerator, ranked as
the third most important parameter according to conditional impor-
tance. Similar to the number of appliances, this could be interpreted as
a wealth factor and might signify a wealthy household. It is also
interesting from the perspective of possible connections between
electriﬁcation and LPG uptake. The open ﬁre is used not only as a
means of cooking but also as a food preserver in certain areas of
Vietnam and China. Hanging the food in the ceiling above the ﬁre,
thereby exposing the food to smoke, enhances preservation. A refrig-
erator together with an LPG stove may provide satisfying results both
in terms of cooking and food preservation; after purchase of a
refrigerator, one of the beneﬁts of the open ﬁre would be reduced.
However, the results presented in this paper cannot distinguish
between these explanations. Because of an unmeasured potential
confounder, it would also be diﬃcult to use regression techniques to
measure any possible causation; i.e. it is possible that regardless of any
co-beneﬁts, households that prioritize kitchen improvements invest in
both refrigerators and LPG stoves if they have the ability to do so. This
also holds for the characteristic of owning a rice cooker, despite
showing up as important also for which households that would later
obtain LPG, i.e. whether this signiﬁes wealth, an unknown household
characteristic, or whether rice cookers have another connection with
LPG. Although, in the light of which type of other variables that where
shown to be important, the interpretation of these appliances as
signifying wealth seems plausible and possibly a preference order in
which household obtain certain goods, as suggested by Heltberg
(2005). This is further underscored through the partial dependence
on income for diﬀerent values of past incomes and the number of
appliances as shown in Fig. 3. If there are signs of past high household
income at low income levels, the probability of a household using LPG
was substantially increased. These households may have had the
opportunity to purchase an LPG stove in the past and despite lower
current incomes, they continued to use LPG. However, the past income
and appliances are indicative also for making future fuel switching (see
Fig. 5), indicating the possibility that households need a stable high
income in order to make an investment in an LPG stove.
Indicators of wealth, apart from current income, are seldom to any
large extent included in studies of fuel switching (van der Kroon et al.,
2013). When they are, they are sometimes interpreted as drivers of fuel
switching instead of being interpreted solely as indicators of wealth.
Although the results in this paper do not refute such assumptions, the
high importance of past income levels in combination with these wealth
factors may support the interpretation that it is a stable economic
situation for a longer period of time or a previous high income that
enabled households to make the investment. This ﬁnding can also be
compared to previous noted strategy among poor households to behave
in a risk averse manner (O'Keefe and Munslow, Understanding).
Village average land, distance to town and collection rate variables
were also found to be usable predictors of LPG usage. A household with
constraints on liquid funds may have to consider the cost and beneﬁts
of an LPG stove before purchase. For a household that have access to
collectable wood and with a low opportunity cost for time, the
diﬀerence in cost between cooking with wood and LPG is larger than
for a household that ﬁnd it harder to collect wood or have to purchase
wood from a market. It is possible that village average land, distance to
town and collection rate all capture this eﬀect when predicting LPG
usage. Furthermore, this eﬀect seemed to be less accentuated for higher
incomes, see Fig. 4, i.e. the partial dependence of village average land
and distance to town were not as drastic for high income levels,
indicating that at a certain level of wealth and income the eﬀect of cost
of fuel wood collection becomes less important. Note however, that
these location variables may capture not only eﬀects regarding fuel
wood collection but also level of access to LPG, social practices as well
as further unknowns.
Because more densely populated areas closer to towns generally
obtain general development before rural and sparsely populated areas,
doubts can be cast on the ﬁndings that development in other areas
(Heltberg, 2004), would necessarily cause fuel switching. Electriﬁcation
has been found by several studies to correlate with LPG usage (e.g.
(Barnes et al., 2004; Heltberg, 2004) and no ﬁrm conclusion concern-
ing this eﬀect has been reached (Köhlin et al., 2011). Though the
number of years electriﬁed is correlated with LPG usage, Fig. A2, its
importance came close to zero, both for current LPG usage, Fig. 1, and
fuel switching, Fig. 5, indicating that there exist other variables in the
set that better describe the relationship, in the random forest model. As
noted above, a possible explanation for the correlation between LPG
usage and electriﬁcation found in previous studies is that areas closer
to a town with a higher population density get connected before more
sparsely populated and distant areas. Furthermore, more well-oﬀ
households in richer areas are also likely to be electriﬁed before others.
However, Khandker et al. (2009) found that electriﬁcation and the
number of years electriﬁed increased household income, mainly
attributable to an increased usage of pumps for irrigation in the
agricultural sector, which in turn could aﬀect fuel choice. Thus, it is
possible that electriﬁcation inﬂuence fuel choice by increasing house-
hold income. Furthermore, as mentioned in the previous paragraph,
there is a possible connection between certain electric appliances and
LPG.
Village average land, distance to town and collection rate were not
as important for the prediction of which households that would start to
use LPG between 2005 and 2008. Instead the algorithm gave more
importance to Farm. Note however that the inﬂuence of the location
description variables is most pronounced at low values, i.e. when
removing households that already had LPG in 2005 many households
from these areas are excluded from the analysis. The income of the
spouse also received higher importance when the algorithm tried to
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Fig. 5. Bagging AUC-based importance values from 100 subsamples. Subsampling
scheme is households from total population. Each subset is two thirds of the data points
(709 of 1064). The variables are ordered according to their mean importance values
across the forest.
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predict future LPG usage. There are several possible explanations why
the income of the spouse may be important beyond adding to total
income; the spouse may have more inﬂuence over decisions, have a
higher opportunity cost for time, i.e. more expensive to collect wood
and to spend long hours cooking, and more income sources may mean
a higher stability in household income. A possible explanation for why
this variable was not chosen in the 2008-year data set can partly be
because, as for total income, the past years’ values are more correlated
with 2008 use of LPG than the income in 2008 (and spouse's income in
2008) but also because it is partly covered by the appliances.
Because poor households are not able to make lump sum payments
and cannot aﬀord high upfront costs (Leach, 1992), poor households in
developing countries often end up paying a higher price for energy
services. This is often the case for fuel wood which in many cases is
more expensive than LPG, on a per meal basis, but where large lump
sums, when changing canisters, and upfront costs for new stoves are
avoided (Heltberg, 2005). The importance of the history of household
income and wealth for both current LPG use and future fuel switching
points towards the possibility of subsidizing LPG stoves, or fund
payment plans, rather than the LPG itself. Although additional factors
are pointed out as drivers, such as regulated price of kerosene in
Ethiopia and rising incomes in Grenada, there exists successful
implementations of such polices in Ethiopia (kerosene stoves) and
Grenada (LPG stoves) (Leach, 1992). Innovative schemes involving
cooperative based solutions for households to obtain LPG have lately
been proposed and initial pilot programs have met with positive results
(Nayak et al., 2014).
The data set used in this study was collected in order to compare
Vietnamese communes that were part of the rural electriﬁcation project
to non-project communes. It could therefore be disputed that the
communes were not necessarily sampled in a random fashion, ques-
tioning the representativeness of this study. However, there are no
apparent reasons to assume that the fuel switching process in these
communes is diﬀerent from other Vietnamese communes. Further
possible ﬂaws in this study include the imperfect measurement of the
variables such as relative fuel price, collection rate, as well as village
average land and distance to nearest town. The relative fuel price is
measured on a province level whereas village average land, distance to
town and collection rate are measured on a commune level. There is
thus a possibility that village average land and the distance to town
capture the eﬀect on the commune level which is not properly reﬂected
by the relative price variable.
It is important to note that the results in this paper indicate a
minimal set of variables needed to achieve high prediction as supported
by the data, and are not a proof of causality. Neither do the results
prove the absence of causal eﬀect on fuel choice from variables that are
not chosen. Such omission can be explained by limited data, but also
the fact that the algorithm had access to intermediates or descendants
of intermediates in a causal chain. As an example many of the variables
suppressed in the importance ranking, but correlated with fuel choice,
are likely causes of a higher and more stable income, such as education,
household business, and possibly electriﬁcation. It should also be noted
that the importance ranking may be inﬂuenced by the absence of
certain variables, i.e. a variable that is ranked low here may be ranked
higher if it is important by virtue of interacting with variables not
included in this analysis. However, the variables included in this paper
cover most categories considered in previous studies (van der Kroon
et al., 2013). The lack of importance for certain variables and the high
importance of others does neither prove nor disprove any actual cause
and eﬀect, however pose the question as to why the chosen variables
are able to discriminate between the types of households in a more
eﬃcient way.
A downside in using a non-parametric model include the inter-
pretation of partial dependencies which cannot be interpreted in any
causative or absolute way, but only as descriptive (Berk et al., 2009).
However, an exploratory analysis based on parametric techniques
would not provide any useful causal relationships either if not ﬁrmly
motivated by theory due to potentially omitted variables or included
intermediates. Compared to such approaches, the Random Forest
algorithm provides more stable results, which depend less on the
researchers’ assumptions and which can be used to guide further
modelling and research.
7. Conclusion
Current income is unable to fully account for a household's wealth
and history of income, which in turn appear to be associated with both
the current and future use of LPG. This could also indicate that
households need a stable income over a longer period of time in order
to consider fuel switching, either because of the risk of adverse
behavior or because of a common preference order in which appliances
are purchased.
The likeliness that a household is or will start using LPG increases
with increased wealth if the household resides in a less rural environ-
ment. A measurement of rurality could therefore be included in further
projections of fuel switching to capture variations in this process for
diﬀerent areas. This could also signify the possibility that policies may
reach diﬀerent level of eﬀects in diﬀerent areas. However, more
research is needed to fully understand the connection between diﬀerent
measurements of rurality and fuel use for the purpose of predicting
future fuel choices.
An alternative explanation for some of the variables found to
correlate with fuel switching in previous studies, but suppressed by
other variables in the random forest/bagging model, is the association
of these variables with wealth and stable income such as education,
occupation and household business, or with their association with
rurality such as electriﬁcation.
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See Fig. A1 and A2 here.
In this section the boxplots of the importance values for the variables based on the alternative bootstrap strategy are presented.
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Fig. A1. Bagging based importance values from 100 subsamples for households currently using LPG. Subsampling on commune and household level; two thirds of the communes and
two thirds of the households were sampled in each sampled commune for each round.
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Fig. A2. Absolute values of univariate correlations from 100 subsamples. Subsampling on household level, cfr Fig. 1.
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